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Abstract: In low-resolution wide-area aerial imagery, object detection algorithms are categorized
as feature extraction and machine learning approaches, where the former often requires a post-
processing scheme to reduce false detections and the latter demands multi-stage learning followed
by post-processing. In this paper, we present an approach on how to select post-processing schemes
for aerial object detection. We evaluated combinations of each of ten vehicle detection algorithms
with any of seven post-processing schemes, where the best three schemes for each algorithm were
determined using average F-score metric. The performance improvement is quantified using basic
information retrieval metrics as well as the classification of events, activities and relationships
(CLEAR) metrics. We also implemented a two-stage learning algorithm using a hundred-layer
densely connected convolutional neural network for small object detection and evaluated its degree
of improvement when combined with the various post-processing schemes. The highest average
F-scores after post-processing are 0.902, 0.704 and 0.891 for the Tucson, Phoenix and online VEDAI
datasets, respectively. The combined results prove that our enhanced three-stage post-processing
scheme achieves a mean average precision (mAP) of 63.9% for feature extraction methods and 82.8%
for the machine learning approach.

Keywords: post-processing; vehicle detection; wide-area aerial imagery; segmentation; machine learning

1. Introduction

In object detection, small objects are regarded as those taking up less than 1% of
an image when measuring the area of objects with a bounding box [1]. Detecting small
objects in low-resolution wide-area aerial imagery is a challenging task, especially in remote
sensing applications [2–15]. For example, in widely recognized datasets such as VEDAI,
DOTA, MS COCO, Potsdam, and Munich [1,16–18] there is an interest in locating small
objects of interest that have a size of less than 32 × 32 pixels. In low-resolution aerial
datasets, small objects such as cars or trucks usually cover 20 to several hundred pixels in
area, which renders the detection task in a sample aerial video rather difficult. Detecting
small objects in an aerial video is of importance in many practical applications including
urban traffic management, visual surveillance, local parking monitoring, military target
strike, and emergency rescue [3,4,12,14,16,18]. Widely recognized as a special case of object
detection, detecting small objects in aerial imagery is challenging due to issues such as high
density of the objects within a small area, shadow from clouds, partial occlusion due to
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other objects, and varying orientations [19]. In addition, factors such as model diversity,
illumination change, low contrast, and low resolution, have made it rather difficult for
recent object detection algorithms to achieve accurate detection results [20,21]. Given
the relatively high number of false detections in many object detection algorithms in low-
resolution aerial video, we have studied a few popular post-processing schemes [4,13,14,20]
to help improve the object detection results, while it is also vital on selecting a decent post-
processing method for feature extraction and machine learning approaches.

We have presented the performance analysis of six object detection algorithms in our
prior work [2] and studied some existing post-processing schemes [4,22–25], to improve
the performance of each algorithm. Salem et al., presented the filtered dilation scheme [22]
with a median filter for smoothing, followed by a dilation operator to expand the shapes
contained in binary images. Samarabandu and Liu used a heuristic filtering scheme [23]
(with two adjustable thresholds for area and aspect ratio) to discard false detections after
extracting 8-connected regions. Sharma et al., applied the metric of shape index [24] to
filter out false detections less than the smallest shape index. Zheng et al., developed the
sieving and opening scheme [25] for removing detected objects which are too large or too
small to be a vehicle. Motivated by the four existing post-processing schemes [22–25], we
have derived a two-stage scheme (sieving and closing [3,4]), which only retains vehicle
size within an area range ([tlow, thigh]) followed by a morphological closing operation.
We also proposed a three-stage scheme [13], which applies area thresholding followed by
morphological closing and conditional sieving based on a compactness measure [26].

We evaluated seven post-processing schemes applied to ten feature extraction-based
algorithms, using average F-score as the primary evaluation metric. In the first set of
experiments, we measured the performance of filtered dilation (FiltDil) [22], heuristic
filtering (HeurFilt) [23], sieving and opening (S&O) [25], sieving and closing (S&C) [3,4],
the three-stage (3Stage) scheme [13], the enhanced three-stage (Enh3Stage) scheme [20]
and spatial processing scheme (SpatialProc) [14] applied to the ten algorithms [25,27–35]
adapted for aerial vehicle detection. Randomly grouped frames were used for preliminary
tests using two aerial image datasets (Tucson and Phoenix). We then determined the best
three post-processing schemes according to overall average F-score for each algorithm.
We classified two types of detection errors for the two datasets: the first type includes
false negative (FN or Miss) and false positive (FP), the second type includes Splits (S) and
Merges (M). The second set of experiments determined the best post-processing scheme for
traditional approaches for small object detection in aerial image datasets. In the third set of
experiments, we investigated the selection of post-processing schemes to combine with an
11th algorithm, which was a machine learning approach for vehicle detection. Inspired by
some similar approaches such as spatial analysis [36] and smoke vehicle detection [37,38],
besides the ten detection algorithms [25,27–35], we adapted a two-stage machine learning
approach from the tiramisu code [39] for semantic segmentation to perform the classification
task via a hundred-layer densely connected convolutional network (DenseNets). The three
post-processing schemes [4,14,20] that performed best in the first set of experiments were
each applied to the machine learning approach. To assess the performance, we used a
third aerial dataset (online VEDAI) to determine the optimal selection of post-processing.
Posterior tests were conducted using Google Colab Pro, where the speed-up ratio for each
algorithm was also evaluated.

Our quantitative results were obtained via two sets of evaluation metrics: basic
information retrieval (IR) metrics [40] and the CLEAR metrics [41,42], where the former
includes precision, recall, F-score, accuracy and percentage of wrong classification (PWC),
and the latter comprises multiple object detection accuracy (MODA) and multiple object
counts (MOC). For the fairness of comparing each detection to the ground truth (GT),
we did not adopt the metric of multiple object detection precision [19] since the selected
post-processing methods did not implement temporal analysis, and the eleven algorithms
we adapted on aerial vehicle detection [25,27–35,39] lack spatial overlap information.

The major contributions of our research study are summarized below:
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(i) We designed three sets of experiments to measure the degree of performance im-
provement on each of the seven post-processing schemes for any of the eleven algorithms
on vehicle detection. The first set of experiments determined the best three post-processing
schemes using two aerial image datasets (Tucson and Phoenix). The second set of experi-
ments decided the best post-processing scheme for each of the ten algorithms. The third
set of experiments conducted verification using two groups of selected post-processing
methods for the 11th algorithm on a third public aerial dataset (online VEDAI).

(ii) We adapted a two-stage learning scheme by applying DenseNet to perform the
detection task and combined our post-processing scheme to improve object detection
accuracy. Quantitative results proved the viability and efficiency for small object detection
using a low-resolution wide-area aerial dataset, i.e., the online VEDAI dataset, which is not
limited to small cars and trucks.

(iii) We measured the degree of improvement on object detection performance in addi-
tion to a time-savings evaluation. We adjusted the parameters for learning and validation
to achieve the highest accuracy without any post-processing, then applied the selected
post-processing and measured the speed-up factor using Google Colab Pro.

The remainder of this paper is organized as follows. In Section 2, we present some
related work on traditional and current state-of-the art schemes for small object detection
in the remote sensing domain. In Section 3, we present a concise summary of the existing
schemes as well as our proposed schemes for post-processing, and some key details on
DenseNet, in addition to its architecture adapted for two-stage learning. Section 4 includes
a discussion of our experiments along with quantitative and qualitative results. Section 5
discusses the results of our research study. Finally, Section 6 presents concluding remarks
and future research directions.

2. Algorithms Adapted for Vehicle Detection

Motivated by the previously published research articles on object detection and image
segmentation [25,27–35], we adapted ten feature extraction-based algorithms for the pur-
pose of detecting small cars or trucks on roadways. The ten algorithms we studied include
the localization contrast model (LC) [27], the variational minimax optimization (VMO)
based algorithm [28], frequency toned (FT) approach [29], maximum symmetric surround
saliency (MSSS) [30], a hybrid of kernel-based fuzzy c-means (KFCM) and Chan-Vese (CV)
model [31], the partial area effects (PAE) scheme [34], feature density estimation (FDE) [35],
morphological filtering (MF) [25], text extraction (TE) [32] and the fast independent compo-
nent analysis (FICA) method [33]. We summarized the crucial details of each algorithm
in [4] upon adapting each algorithm for parameter tuning to achieve the highest average
F-score on each dataset. The most suitable algorithm parameters were determined via the
best overall average F-score for these ten algorithms [25,27–35] each combined with the four
existing post-processing schemes [4,22,23,25], as well as the 3Stage [13], Enh3Stage [20],
and SpatialProc [14].

To compare the degree of performance improvement of post-processing schemes for
the VMO-based algorithm [28], we applied the three-stage scheme [13] in contrast to each
of five post-processing schemes [4,22–25], and analyzed their performance. In our first
set of experiments, each of the ten algorithms [25,27–35] was combined with each of the
post-processing schemes [4,13,14,20,22,23,25] to determine the best three post-processing
schemes. The second set of experiments determined the best post-processing scheme
for traditional approaches for small object detection in aerial image datasets. A third
set of experiments assessed the hundred-layer tiramisu code using DenseNet [39] with
learning parameters optimized for the online VEDAI dataset, in combination with various
post-processing schemes.

Given the fact that the established fully convolutional (FC) DenseNet trained their
models with neither extra data nor post-processing, we adapted this scheme with initial
learning rates, performed similar regularization [39], and enhanced the global accuracy
using our selected post-processing. We also studied several other recent schemes for small
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object detection. Li et al. proposed an improved two-stage detector CANet based on
faster region-based convolutional neural network (R-CNN), which effectively enriched
context information and nonlocal information when detecting small objects [43], but they
did not report the time efficiency and the outcome of mean average precision (mAP).
Another VGG-16-based method for multi-object detection, showed improved accuracy
in two manually labeled datasets, but the work admits its limitations on more complex
traffic scenes and suggests generative adversarial networks as an alternative plan to solve
this task [44]. The spatio-temporal ConvNet aims for video-based small object detection,
however, it may not be suitable for a limited number of small objects or very large-scale
datasets when each frame may require independent manual annotations [45]. Wang and
Gu’s framework [46] for small target detection combined the feature-balanced pyramid
network (FBPN) with faster R-CNN. Gao and Tian [47] presented a generative adversarial
network specifically designed for weak vehicle detection in satellite images. While these
approaches [43–47] and other deep CNN strategies [48,49] have been proposed to find a
better solution for the task of small-object detection, they lack a post-processing module.
This module neither appeared in the study of relationship between accuracy and the size of
structuring element [50], nor the sliding-window based approach on vehicle detection [51]
according to our previous study.

While our prior manual segmentation was performed on the two low-resolution
aerial video datasets (Tucson and Phoenix), we did not use the dual-threshold technique
for temporal analysis [14] for any of the three aerial image datasets. Therefore, all the
algorithms were performed on each frame independently.

3. Post-Processing Schemes

We previously derived a two-stage post-processing method sieving and closing
(S&C) [4]) to reduce false detections. In the first stage, we perform area thresholding
which sieves out any detected objects whose area fall outside a designated range. We used
a pixel-area range of (5, 160) for the Tucson dataset and (5, 180) for the Phoenix dataset
(because the spatial resolutions are slightly different). In the second stage, due to the persis-
tence of some detection errors even after applying area thresholds, a morphological closing
operation was performed to connect adjacent tiny objects which tend to be false detections.
This step also offers boundary smoothing and fills small holes inside each detection. The
size of a morphological closing filter [50] is flexible with respect to the criteria of achieving
highest overall average F-score. All the binary objects within an area range encompassing
most small cars and trucks are preserved, but fixed thresholding does not generalize to
datasets with different resolutions [13]. Inspired by sieving and closing [4], we derived
the three-stage scheme for post-processing [13], where Stage 1 operates area thresholding
to drop some incorrect detections, Stage 2 performs the morphological closing operation
and Stage 3 applies conditional object sieving with respect to a compactness measure for
vehicle shape. This scheme overcame the shortcomings of using expected vehicle size and
fit datasets with various spatial resolutions [13]. In Stage 3, the compactness C of a region
is defined as [26]

C =
L2

4πA
(1)

where L represents the perimeter of the region, and A is the area of the region. For our data,
we define the lower compactness threshold as half of the smallest compactness, and the
upper threshold as twice the largest compactness. Due to the concern of distortions on
some small vehicles at high probability to be truly detected objects, we retained detections
with compactness in the range [Csmall/2, 2 × Clarge] [4,13].

The enhanced three-stage post-processing scheme [20] was derived to achieve more
independence with respect to object size [33]. In Stage 1, a 3 × 3 median filter is applied.
In Stage 2, an opening operation is applied to sieve out trivial false detections, followed
by a closing operation. Finally, Stage 3 applies linear Gaussian filtering followed by non-
maximum suppression (NMS) to discard multiple false detections nearby a single object.
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We also developed a two-stage spatial processing scheme [14], where the first stage
used multi-neighborhood hysteresis thresholding. The second stage of spatial processing is
identical to Stage 2 of the Enh3Stage post-processing scheme [20], while the filter size of
the opening and closing operation was carefully adjusted in accordance with the spatial
resolution of the datasets.

4. Experiments and Results

We evaluated quantitative detection performance in four scenarios: (i) six detection
algorithms combined with the 3Stage scheme and each of these six with filtering by shape
index (SI); (ii) seven post-processing schemes each associated with any of the ten object
detection algorithms in the Tucson and Phoenix datasets to determine the best three post-
processing schemes for each algorithm; (iii) ten algorithms each combined with three post-
processing schemes out of seven as determined from (ii), along with a visual comparison
of the vehicle detection results; (iv) a two-stage machine learning approach with adjusted
parameters to achieve the highest overall accuracy on small object detection in the online
VEDAI dataset, using its updated flowchart with an optimally tuned proportion of folders
on training to testing and updating its structure of FC-DenseNet, combined with each of
the three post-processing schemes determined from (iii). Figure 1 depicts a pipeline of our
research study on selecting post-processing schemes for the detection of small objects.
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post-processing schemes. Labeled outputs of Type 2 correspond to an updated multi-stage learning
approach (FC-DenseNet) with selected post-processing schemes.

4.1. Experimental Setup

We conducted our experiments using MATLAB R2019b on a Windows PC (Intel Core
i7-8500U, 1.80 GHz CPU, 16 GB RAM). The average computation time per frame for each
detection algorithm was found by calculating the total processing time of each algorithm
before and after combining the selected post-processing scheme divided by the total number
of frames in the experiment. Meanwhile, we applied the vehicle tiramisu code (Python
version) [39] for image segmentation in the Google Colab Pro environment; after saving
the outputs in a .mat file, we implemented our post-processing code in MATLAB for each
of the three datasets.

Two versions were implemented for each of the ten detection algorithms [14]:
(1) using our prior binarization methods [4,20] for simple thresholding, and (2) replac-
ing the binarization step with the proposed spatial processing. We refer to these two
approaches as “before” and “after” using a post-processing scheme in our experimental
analysis, respectively. We compare the labeled outputs of the “before” and “after” to
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quantify the degree of improvement of object detection performance resulting from the
proposed post-processing.

4.2. Datasets

Two aerial videos (spatial resolution: 720 × 480 pixels per frame) obtained from
a low-resolution camcorder, served as our datasets for performance analysis of the ten
vehicle detection algorithms [25,27–35] each associated with any of the five post-processing
schemes [4,22–25], the three-stage scheme by the measure of compactness [13], and the
enhanced three-stage scheme [20]. In our manual segmentation, the total number of ground
truth (GT) vehicles is 8072 (4012 in the Tucson dataset and 4060 in the Phoenix dataset). All
these vehicles have approximately rectangular shape, and the vehicle area is distributed
from 40 to 150 pixels in the Tucson dataset and ranged from 20 to 175 pixels in the Phoenix
dataset. Automatic detections from any combination of algorithms without or with a
post-processing scheme are compared with their GT vehicles in each frame.

We used online VEDAI dataset [52] as a third dataset (spatial resolution: 512 × 512
pixels per frame), which comprises 9 classes of objects; except for buses, boats, and planes,
this study concerns small size vehicles such as cars, pickups, tractors, camping cars, trucks
and vans [46]. The online VEDAI dataset contains 1246 images with a total of 3600 instances
across these 6 classes. The portion of this dataset used for training was varied from 80% to
95% in increments of 5%, then 98% as highest; the rest were used for testing.

4.3. Classifications and Evaluation Metrics

We evaluated each algorithm [25,27–35] for small object detection by automatically
classifying the correct detection and each type of detection errors. The binary detection
outputs were processed with 8-connected component labeling, and the overlaps between
detections and the ground truth, were evaluated similar to the region matching proposed
by Nascimento and Marques [53], in which the detections are characterized as follows:

• True positive (TP): correct detection. Only one TP (which has the largest overlap with
ground truth if exists) is counted if multiple detections intersect the same ground truth
object, or a single detection intersects multiple ground truth objects.

• Splits (S): if multiple detections touch a single object in the ground truth, then only one
TP (the one having largest overlap) is counted, all other touches are regarded as Splits.

• Merges (M): if a single detection is associated with multiple objects in the ground truth,
then all other objects except the TP in a row are counted as Merges.

• False negative (FN) or Miss: detection failure, indicated by a ground truth object that
fails to intersect any detection.

• False positive (FP): incorrect detection, indicated by a detection which fails to intersect
any ground truth object.

To quantify the performance of each algorithm with and without post-processing, we
use basic information retrieval (IR) metrics [3,4,40]

Precision =
TP

TP + FP
(2)

Recall =
TP

TP + FN
(3)

Fβ =
(1 + β2)Precision × Recall

β2Precision + Recall
(4)

When β = 1, the Fβ measure equals F1-score, a harmonic mean of precision and recall.
Substituting precision and recall in the expression of TP, FP and FN into Equation (4), the
simplified expression of F1-score can be written as

F1-score =
2 × TP

2 × TP + FP + FN
(5)
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Percentage of wrong classification (PWC) measures the ratio of FP and FN in total, to
the sum of TP, FP, FN and TN [17]

PWC =
FN + FP

TP + FN + FP + TN
(6)

An algorithm with lower PWC score indicates better detection results.
To assess comprehensive performance of each algorithm before and after combining

with a post-processing scheme, we adopted the CLEAR metrics [41,42] for quantitative
evaluations. If we denote the number of Misses (FNs) as mi and the number of FPs as fpi,
then the multiple object detection accuracy (MODA) in the i-th frame (i = 1, . . . , 100 in each
dataset) is computed as [41]

MODA(i) = 1 −
cm(mi) + c f ( f pi)

N(i)
G

(7)

where cm and cf represent the weights applied to the FNs and FPs, respectively; N(i)
G is the

number of ground-truth objects in the i-th frame.
We equally weight cm = cf = 1 [41] and sum over all frames in each dataset [42], yielding

the multiple object count (MOC)

MOC = 1 − ∑
N f rames
i=1 [(mi) + ( f pi)]

∑
N f rames
i=1 N(i)

G

(8)

Since no negative sample exists in the ground truth of the Tucson and Phoenix datasets,
the detection outputs for these datasets do not contain any true negatives (TN). Meanwhile,
Splits (S) or Merges (M) were a second type of detection error; they were not counted in
either MODA or MOC. There has not been any final agreement on how to weight Splits (S)
or Merges (M) in the previous publications [40,42,53,54].

In online VEDAI dataset, we used the accuracy metric to evaluate the object detection
performance, which is the ratio of the number of correct predictions to the total number of
predictions [55,56]. For binary classification, the accuracy metric equals the percentage of
correctly classified instances, which is expressed as [40]

Accuracy =
TP + TN

TP + FN + FP + TN
(9)

where the accuracy metric numerically matches 1−PWC.
Average precision is defined as [57–59]

AP =
∫ 1

0
P(R) dR (10)

where P = Precision and R = Recall. The mean average precision (mAP) is a global
performance measure defined as the sample mean of AP [59]

mAP =
1
N

N

∑
i=1

APi (11)

4.4. Results and Analysis
4.4.1. Six Vehicle Detection Algorithms Combined with our Three-Stage Post-Processing
Scheme or Filtering by SI

We started our experimental study by evaluating six algorithms [27–32] combined
with the 3Stage scheme [13] or filtering by SI [24]. We carefully adjusted the parameters
of each algorithm to achieve the highest average F-score. Table 1 displays the average
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F-score of each method for two datasets. Table 1 shows that our 3Stage scheme has better
average F-score than filtering by SI for all six algorithms; hence, we decided to replace
filtering by SI with our 3Stage scheme in subsequent experiments involving combinations
of post-processing schemes with each of the ten detection algorithms.

Table 1. Average F-score for three-stage post-processing scheme vs. filtering by SI.

Alg.
Tucson Dataset Phoenix Dataset

3Stage Scheme [13] Filtering by SI [24] 3Stage Scheme [13] Filtering by SI [24]

LC [27] 0.860 0.736 0.625 0.482

FT [29] 0.824 0.716 0.478 0.409

MSSS [30] 0.724 0.620 0.450 0.385

VMO [28] 0.775 0.551 0.704 0.501

TE [32] 0.643 0.489 0.548 0.436

CV [31] 0.584 0.523 0.401 0.257

4.4.2. Seven Post-Processing Schemes Combined with Ten Algorithms

We randomly divided the 100 frames in each of the Tucson and Phoenix datasets into
ten groups where each group has ten frames. Post-processing (3Stage scheme [13], sieving
and closing (S&C) [4]) combined with LC [27], VMO [28] and FDE [34] were selected to
calculate average F-scores via 100 frames in each of the two datasets. These groups of
average F-scores were obtained where each group contains ten frames. Table 2 shows the
mean and standard deviation for each group, along with the 95% confidence intervals (CI);
each group of data has tight CI along with considerably small standard deviation.

Table 2. Statistical test on average F-score (10 × 10 frames): two post-processing schemes associated
with three automatic detection algorithms.

Alg.
Tucson Dataset Phoenix Dataset

3Stage Scheme [13] S&C [4] 3Stage Scheme [13] S&C [4]

LC [27] 0.839 ± 0.006
(Std. = 0.008)

0.871 ± 0.005
(Std. = 0.007)

0.589 ± 0.010
(Std. = 0.014)

0.620 ± 0.009
(Std. = 0.012)

VMO [28] 0.745 ± 0.014
(Std. = 0.019)

0.802 ± 0.009
(Std. = 0.012)

0.696 ± 0.007
(Std. = 0.010)

0.683 ± 0.014
(Std. = 0.020)

FDE [34] 0.871 ± 0.004
(Std. = 0.006)

0.876 ± 0.005
(Std. = 0.007)

0.658 ± 0.013
(Std. = 0.018)

0.696 ± 0.009
(Std. = 0.013)

We evaluated the ten feature extraction-based vehicle detection algorithms combined
with each of the seven post-processing methods [4,13,14,20,22,23,25] (marked as M1 to M7)
for all the 200 frames in the Tucson and Phoenix datasets. The average F-scores are tabulated
in Table 3, where the best three overall F-scores (boldface numbers in each column) were
selected for further comparison.

From Table 3, we count the number of boldface entries in each row to determine that
the Enh3Stage scheme (M6) obtained the highest nine votes, S&C (M5) and SpatialProc
(M7) both obtained six votes, 3Stage scheme (M3) had four votes, and each of the other
three (M1, M2, M4) was voted no more than twice.
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Table 3. Average F-score for seven post-processing methods combined with each of the ten algorithms
for Tucson (T) and Phoenix (P) datasets.

Post-Proc.

Alg.
LC [27] VMO [28] FT [29] MSSS [30] KFCM-CV [31] FDE [34] PAE [35] MF [25] TE [32] FICA [33]

Method 1 (M1):
FiltDil [22]

T 0.892 0.760 0.848 0.782 0.725 0.879 0.625 0.681 0.640 0.743

P 0.549 0.714 0.608 0.631 0.306 0.643 0.313 0.454 0.621 0.392

Method 2 (M2):
HeurFilt [23]

T 0.840 0.717 0.766 0.724 0.569 0.867 0.801 0.724 0.812 0.804

P 0.538 0.606 0.453 0.354 0.296 0.591 0.480 0.380 0.525 0.377

Method 3 (M3):
3Stage [13]

T 0.860 0.775 0.824 0.724 0.584 0.866 0.793 0.618 0.643 0.720

P 0.625 0.704 0.478 0.450 0.401 0.673 0.646 0.341 0.548 0.337

Method 4 (M4):
S&O [25]

T 0.822 0.515 0.733 0.641 0.467 0.877 0.798 0.776 0.815 0.655

P 0.583 0.640 0.439 0.470 0.205 0.651 0.535 0.588 0.498 0.355

Method 5 (M5):
S&C [4]

T 0.881 0.801 0.861 0.776 0.587 0.885 0.814 0.722 0.680 0.723

P 0.628 0.702 0.539 0.568 0.407 0.683 0.579 0.500 0.565 0.433

Method 6 (M6):
Enh3Stage [20]

T 0.823 0.820 0.832 0.817 0.610 0.902 0.762 0.683 0.754 0.712

P 0.611 0.688 0.598 0.592 0.479 0.614 0.627 0.518 0.642 0.461

Method 7 (M7):
SpatialProc [14]

T 0.842 0.691 0.809 0.808 0.694 0.857 0.723 0.764 0.784 0.738

P 0.646 0.544 0.547 0.572 0.346 0.632 0.534 0.482 0.557 0.426

4.4.3. Ten Algorithms Combined with the Best Three Post-Processing Schemes

We step further to present the performance analysis before and after post-processing,
where the types of detections were analyzed for all the 8072 vehicles in the Tucson and
Phoenix datasets. Table 4 shows the quantitative results on each of the ten algorithms before
and after combining with each of their best three post-processing schemes (as highlighted
with bold numbers in Table 3). Note that M0 refers to no post-processing applied to an
algorithm in Table 4 and the subsequent tables.

Table 4. Types of detections for each algorithm combined with each of the best three schemes from
Table 3.

Alg. Scheme
Counts of Detection Types

Alg. Scheme
Counts of Detection Types

TP S M FN FP TP S M FN FP

LC [27]

M0 7051 1631 688 333 7691

FDE
[34]

M0 6477 1677 362 1233 6703

M3 5862 241 410 1800 3110 M3 5644 267 519 1909 1648

M5 6187 368 345 1540 3792 M5 5447 150 974 1651 1347

M7 5988 123 415 1669 2327 M6 5823 146 512 1689 2055

VMO
[28]

M0 7104 10,527 188 584 16,633

PAE
[35]

M0 6977 6581 81 1014 14,416

M3 5585 653 853 1634 3065 M3 5566 134 627 1879 2552

M5 5920 746 973 1179 3619 M5 5807 373 497 1768 3198

M6 6247 813 671 1154 2890 M6 5703 231 467 1902 3127

FT [29]

M0 7290 5000 174 608 14,888

MF [25]

M0 6753 10,100 73 1246 37,742

M1 6357 1879 669 1046 5667 M4 5056 1562 102 2914 2568

M6 6076 625 285 1711 3070 M5 5125 322 1529 1418 6140

M7 5541 892 286 2245 2769 M6 4994 240 277 3001 3280

MSSS
[30]

M0 7457 5907 353 262 17,286

TE [32]

M0 6755 6264 191 1126 25,879

M1 6394 2005 1049 629 4772 M2 5631 1966 183 2258 3357

M6 6133 543 264 1675 3413 M6 5668 1607 104 2300 2575

M7 5906 555 323 1843 3338 M7 5597 1560 93 2382 2401

KFCM-
CV
[31]

M0 7111 12,053 428 533 41,539

FICA
[33]

M0 6766 4263 98 1208 32,360

M5 5212 1577 443 2417 9697 M2 5426 880 18 2628 5262

M6 5294 1287 553 2225 6950 M6 5227 419 230 2615 3991

M7 5145 1356 425 2502 8738 M7 5545 189 604 1923 6660

As observed from Table 4, among nine feature extraction-based algorithms combined
with Enh3Stage scheme (M6), VMO and MSSS display the highest and second highest TP
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counts; among six algorithms with SpatialProc (M7), LC and MSSS show the highest and
second highest TP counts; among five algorithms with S&C (M5), LC and VMO represent
the best two in TP counts. Among the tabulated ten detection algorithms combining any
type of post-processing, MSSS with FiltDil (M1) presents the largest TP counts, while MF
with S&O (M4) shows the lowest TP counts. Regarding FNs (Misses), MSSS with FiltDil
(M1) and VMO with Enh3Stage scheme (M6) show the smallest and second smallest FN
counts. Regarding FP, the lowest FP count was found in FDE with S&C (M5), the best
reduction of FP was shown by MF with S&O (M4), displaying 93.2% decrease of FP, the least
reduction was found on LC with S&C (M5), displaying 50.7% decrease on FP. Meanwhile,
all the post-processing schemes in Table 4 reduced Splits (S), where the best reduction was
achieved by PAE with 3Stage scheme (M3), and the least reduction was obtained by FT
with FiltDil (M1). All seven post-processing schemes for any of the ten algorithms trade
improving average F-score for the mild cost of converting a small part of TPs to Merges.
For reducing FPs and Splits, each post-processing scheme has quite similar performance
when detecting these small vehicles using our aerial datasets.

We used basic IR metrics [40] to evaluate the performance of ten detection algorithms
before and after applying post-processing. The average precision, recall and F-score of each
algorithm before using any post-processing are depicted in Figure 2. Regarding precision
and F-score, the highest values were achieved by LC in Tucson dataset, while the lowest
corresponded to CV (KFCM-CV) in the Tucson dataset and FICA in the Phoenix dataset.
Regarding recall, all the rates of eight algorithms (except FDE and PAE) are higher than
0.9 in the Tucson dataset, while only two algorithms (LC and MSSS) achieved recall rates
higher than 0.9 in the Phoenix dataset.
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Figure 2. Precision, Recall and F-score of ten detection algorithms for (a) Tucson dataset and (b)
Phoenix dataset.

The detection results of ten algorithms associated with the voted best three post-
processing schemes were arranged into four groups: those algorithms with Enh3Stage
scheme (M6), those with S&C (M5) and SpatialProc (M7), and those with all other four
schemes (M1 through M4). The precision, recall and F-score on each of the ten algorithms
after combining with the best three post-processing schemes are displayed in Figure 3,
which consists of four sub-diagrams. The results for the two datasets were merged to
simplify the visual comparison in Figure 3. Regarding precision and F-score, when post-
processed by the Enh3Stage scheme (M6), FDE and CV ranked the highest and lowest
among the eight algorithms, respectively; the same conclusion was drawn when post-
processed by S&C (M5), while the highest and lowest results were displayed with LC and
CV when post-processed by SpatialProc (M7). For other post-processing schemes, the
highest scores were achieved by FDE with 3Stage scheme (M3), the lowest scores were
obtained by FICA with HeurFilt (M2). Regarding recall, seven algorithms (except MF
and FICA) preserved their recall rates above 0.7 when post-processed by the Enh3Stage
scheme (M6) or any of the other four schemes (M1 through M4); five algorithms (except CV)
retained their recall rates above 0.7 when post-processed by either S&C (M5) or SpatialProc
(M7). Three of the best precision and average F-scores were achieved by FDE with S&C
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(M5), FDE with 3Stage scheme (M3), and FDE with Enh3Stage scheme (M6), while the best
three recalls were achieved by MSSS with FiltDil (M1), VMO with S&C (M5), and VMO
with the Enh3Stage scheme (M6).
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Figure 3. Precision, Recall and F-score for ten feature extraction-based algorithms each combined
with their best three post-processing schemes.

As seen in Figure 3, the improvements on precision and average F-scores of all ten
vehicle detection algorithms supported the validity of our post-processing selection, while
the mild decrease of recall for each algorithm resulted from the trade-off of losing a small
portion of TPs. Due to the extremely low-resolution of wide-area aerial frames, none of the
algorithms combined with post-processing achieved an average F-score higher than 0.9.

Table 5 displays the percentage of wrong classification (PWC) for our quantitative
results on ten feature extraction-based algorithms with their three best post-processing
schemes. The best outcome was achieved by FDE with the Enh3Stage scheme (M6), which
resulted in a PWC of 18.2% in Tucson dataset. The smallest improvement was obtained
by LC with S&C (M5), where PWC reduced from 62.4% to 58.9% in the Phoenix dataset.
In the Tucson dataset, the PWC scores of nine algorithms (excluding KFCM-CV) were
reduced to below 50%; in the Phoenix dataset, only VMO with any of its three best post-
processing schemes (M3, M5 and M6) and FDE with S&C (M5), decreased to below 50%.
Regarding the degree of improvement, the best three post-processing schemes for each of
nine algorithms (except VMO) performed better in the Tucson dataset than in the Phoenix
dataset. In contrast, only VMO when post-processed by the 3Stage scheme (M3) or S&C
(M5), exhibited better scores in the Phoenix dataset than those in the Tucson dataset.
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Table 5. PWC for ten algorithms before and after combining with their best three post-processing
schemes.

Alg.

Scheme PWC %/Tucson Dataset PWC %/Phoenix Dataset

M0
M1
[22]

M2
[23]

M3
[13]

M4
[25]

M5
[4]

M6
[20]

M7
[14] M0

M1
[22]

M2
[23]

M3
[13]

M4
[25]

M5
[4]

M6
[20]

M7
[14]

LC [27] 41.5
± 1.1

27.6
± 1.2

27.9
± 1.2

27.3
± 1.0

62.4
± 0.7

58.4
± 1.0

58.9
± 1.0

52.3
± 1.1

VMO [28] 66.3
± 1.1

40.8
± 1.1

46.9
± 1.0

35.0
± 1.2

74.2
± 0.8

46.9
± 1.0

49.8
± 1.2

47.6
± 1.1

FT [29] 62.7
± 0.9

38.7
± 1.0

28.8
± 1.3

27.9
± 1.0

72.2
± 0.7

62.2
± 0.8

57.4
± 0.9

61.7
± 1.0

MSSS [30] 65.7
± 0.8

33.6
± 1.0

30.9
± 1.1

31.0
± 1.0

73.5
± 0.6

56.5
± 1.0

58.0
± 0.9

57.8
± 1.0

KFCM-CV
[31]

83.6
± 0.4

61.0
± 1.0

56.1
± 1.4

46.9
± 1.2

87.1
± 0.3

76.5
± 0.7

68.5
± 1.0

79.1
± 0.8

FDE [34] 50.4
± 0.9

22.8
± 0.8

22.0
± 0.8

18.2
± 1.1

59.0
± 1.0

50.8
± 1.2

46.4
± 1.3

54.7
± 1.1

PAE [35] 62.3
± 0.9

36.2
± 1.0

38.7
± 1.0

38.5
± 1.1

73.2
± 0.8

50.6
± 1.5

52.0
± 1.4

53.4
± 1.3

MF [25] 79.1
± 1.6

37.4
± 2.0

41.8
± 1.2

48.2
± 1.1

88.0
± 0.6

61.8
± 0.9

71.4
± 1.1

65.1
± 1.2

TE [32] 78.2
± 0.6

31.8
± 0.8

39.5
± 1.2

38.2
± 1.4

80.5
± 1.0

63.3
± 1.1

52.8
± 1.3

61.5
± 1.6

FICA [33] 71.4
± 1.3

33.5
± 1.6

35.4
± 1.7

41.6
± 1.3

88.5
± 0.5

74.4
± 1.2

70.1
± 1.1

73.0
± 0.9

Notations: M0: No post-processing; M1: FiltDil; M2: HeurFilt; M3: 3Stage scheme; M4: S&O; M5: S&C; M6:
Enh3Stage scheme; M7: SpatialProc. The same notations are adopted in Table 6.

Table 6. MODA and MOC for ten algorithms before and after combining with their best three
post-processing schemes.

Metric

Scheme

Alg. Tucson Dataset

LC [27] VMO
[28] FT [29] MSSS

[30]
KFCM-
CV [31] FDE [34] PAE [35] MF [25] TE [32] FICA

[33]

MODA

M0: No Post-Proc. 0.295
± 0.034

−0.979
± 0.098

−0.713
± 0.066

−0.944
± 0.070

−3.944
± 0.124

0.097
± 0.031

−0.531
± 0.053

−3.248
± 0.359

−2.402
± 0.113

−1.538
± 0.158

M1: FiltDil [22] 0.401
± 0.025

0.523
± 0.021

M2: HeurFilt [23] 0.261
± 0.032

0.564
± 0.036

M3: 3Stage [13] 0.684
± 0.016

0.505
± 0.018

0.769
± 0.009

0.585
± 0.014

M4: S&O [25] 0.602
± 0.020

M5: S&C [4] 0.664
± 0.018

0.522
± 0.021

−0.160
± 0.035

0.790
± 0.008

0.510
± 0.017

0.453
± 0.023

M6: Enh3Stage [20] 0.563
± 0.042

0.641
± 0.075

0.602
± 0.058

0.169
± 0.041

0.814
± 0.010

0.522
± 0.013

0.307
± 0.026

0.498
± 0.017

0.582
± 0.029

M7: SpatialProc [14] 0.669
± 0.021

0.652
± 0.016

0.610
± 0.025

0.368
± 0.042

0.511
± 0.022

0.428
± 0.037

MOC

M0: No Post-Proc. 0.296 −0.981 −0.714 −0.943 −3.944 0.098 −0.532 −3.235 −2.400 −1.534

M1: FiltDil [22] 0.401 0.523

M2: HeurFilt [23] 0.262 0.565

M3: 3Stage [13] 0.684 0.505 0.770 0.585

M4: S&O [25] 0.601 0.648 0.378

M5: S&C [4] 0.664 0.522 −0.160 0.790 0.510 0.453

M6: Enh3Stage [20] 0.570 0.638 0.596 0.167 0.808 0.516 0.299 0.492 0.575

M7: SpatialProc [14] 0.672 0.653 0.604 0.377 0.505 0.433
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Table 6. Cont.

Metric
Scheme

Alg. Phoenix Dataset

LC VMO FT MSSS KFCM-CV FDE PAE MF TE FICA

MODA

M0: No Post-Proc. −0.280
± 0.033

−1.353
± 0.103

−1.130
± 0.055

−1.403
± 0.060

−4.473
± 0.090

−0.065
± 0.034

−1.293
± 0.082

−4.427
± 0.220

−2.302
± 0.240

−4.771
± 0.225

M1: FiltDil [22] −0.062
± 0.026

0.140
± 0.022

M2: HeurFilt [23] 0.092
± 0.050

−0.514
± 0.061

M3: 3Stage [13] 0.105
± 0.028

0.421
± 0.021

0.350
± 0.023

0.316
± 0.033

M4: S&O [25] 0.039
± 0.026

M5: S&C [4] 0.020
± 0.032

0.292
± 0.031

−0.837
± 0.040

0.467
± 0.022

0.258
± 0.034

-0.324
± 0.049

M6: Enh3Stage [20] 0.382
± 0.024

0.168
± 0.017

0.150
± 0.021

−0.829
± 0.045

0.271
± 0.036

0.235
± 0.028

0.044
± 0.025

0.298
± 0.019

−0.211
± 0.045

M7: SpatialProc [14] 0.326
± 0.021

0.080
± 0.026

0.113
± 0.025

−1.155
± 0.062

0.064
± 0.037

−0.453
± 0.039

MOC

M0: No Post-Proc. −0.280 −1.351 −1.123 −1.402 −4.477 −0.063 −1.287 −4.418 −2.292 −4.764

M1: FiltDil [22] −0.061 0.141

M2: HeurFilt [23] 0.094 −0.514

M3: 3Stage [13] 0.103 0.420 0.352 0.319

M4: S&O [25] 0.044

M5: S&C [4] 0.019 0.291 −0.838 0.468 0.261 −0.321

M6: Enh3Stage [20] 0.379 0.171 0.146 −0.436 0.268 0.239 0.146 0.302 −0.207

M7: SpatialProc [14] 0.330 0.082 0.112 −1.153 0.065 −0.452

Table 6 presents quantitative results of each algorithm without applying any post-
processing or each combined with any of the voted post-processing schemes measured by
MODA and MOC from CLEAR metric [41,42], where 95% CIs are applied for each metric.

From Table 6, we conclude that in the Tucson dataset, FDE with Enh3Stage scheme (M6)
has highest MODA, KFCM-CV with SpatialProc (M7) shows largest improvement, KFCM-
CV with S&C (M5) has lowest MODA, and LC with S&C (M5) has smallest improvement.
In the Phoenix dataset, FDE with S&C (M5) shows highest MODA, FICA with Enh3Stage
scheme has largest improvement, KFCM-CV with S&C (M5) shows lowest MODA, while
LC with 3Stage scheme (M3) has smallest improvement. Checking the corresponding
MOC indices of each method before and after combining with any of the three best post-
processing schemes, every numerical value closely coincides with the related sample mean
for each MODA.

4.4.4. Qualitative Performance Evaluation

Figure 4 depicts a visual comparison of a salient region from the cropped subimages
(size 64 × 64) of the 51st frame in Tucson and Phoenix datasets. This region contains the
largest count of detected vehicles from each algorithm. From Figure 4, comparing the
results without and with post-processing, we observe the successful removal of many FPs.
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Figure 4. Visual comparison of ten algorithms without/with post-processing. Detections are shown
as colored boundaries. Row (a) shows initial detection, (b–d) show results using the three post-
processing schemes voted from Table 3 for Tucson dataset, respectively. Similar results are shown in
row (e) and rows (f–h) for Phoenix dataset. GT vehicles are displayed in the last column.

4.4.5. FC-DenseNet: Two-Stage Machine Learning for Small Object Detection

In this subsection, we present a third set of experiments to assess our two-stage
machine learning approach (i.e., FC-DenseNet model and its variations) for small object
detection. The limitations of our previous study and plan for solution are summarized
as follows: (i) While our investigation included comprehensive tests on voting the best
three post-processing schemes for small object detection using two low-resolution wide-
area aerial datasets, the number of frames was relatively small, the results may not have
universal applicability. Hence, the online VEDAI dataset with both training and testing
folders were used for our additional experiments. (ii) In addition to saliency detection,
the four “pillar” techniques on small object detection had been specified as multi-scale
representation, contextual information, super resolution based techniques and regional
proposals [1]; however, the ten algorithms [25,27–35] adapted for small object detection
missed the involvement of regional proposals, i.e., deep CNN-based semantic image
segmentation, where it was reported that convincible object detection accuracy could also
be achieved on similar urban scene datasets such as CamVid and Gatech [39], and hence,
this keynote approach should also be included for verification. (iii) Regarding the voted
best three schemes (Enh3Stage, SpatialProc, S&C), subsequent competition is necessary
upon handling a different online available aerial dataset; meanwhile, the other four schemes
(filtered dilation, heuristic filtering, 3Stage, sieving and opening) with fewer votes in prior
tests should not be completely excluded in another set of test scenarios when applying
post-processing. As depicted in Figure 1, we performed tests to measure the degree of
improvement from each post-processing scheme associated with the two-stage machine
learning approach followed up with the updated FC-DenseNet. We tabulated the numerical
results via a few sets of tests and expect to further evaluate the method by matching the
best candidate to improve small object detection accuracy, applying a different ratio of
training, validation and testing for online VEDAI dataset.
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Some additional tests are presented as follows: (i) The vehicle tiramisu code [39]
on semantic segmentation was implemented for the online VEDAI dataset (size: 512 ×
512), where the portion of training data was progressively tuned from 80% to 95% in
5% steps then 98% as the highest (and the rest for testing), with a fixed portion of 1%
(valid_pct = 0.01) for validation. (ii) The two-stage learning within ten epochs was applied
to acquire the detection accuracy and draw the curve of learning rate versus loss, where
some parameters such as weight decay (wd), learning rate (lr), and optimal threshold,
were set up with default values and pct_start was initialized as 0.3/0.7. (iii) FC-DenseNet
(with 103 layers and its other alternatives) was adopted upon using a relatively smaller
learning rate (selected from the curve on the right plot of Figure 5) to proceed with the
updated two-stage learning, where the final outputs including updated object detection
accuracy with predicted detection labels. (iv) Final tests were designed to pick up four
post-processing schemes (either from the voted three schemes and a relatively best one from
the other four) to further evaluate the degree of improvement on the metrics of accuracy
and mAP, then determine the best post-processing scheme (among the seven) for online
VEDAI dataset [1,52,55].
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Figure 5. Sample results of two-stage learning approach and the generated curve to find an optimal
learning rate (after parameter tuning) on semantic image segmentation for online VEDAI.

Regarding a CNN-related architecture of fully convolutional (FC) DenseNet with its
dense block of four layers and its building blocks in [39], the differences in the connectivity
pattern were established between each of the upsampling and downsampling paths, and
the generation of feature maps was performed on each of the four layers and the block
output from concatenation of each layer output, while the information of crucial parameters
was excerpted from every layer of the model. Crucial kernels such as Transition Down and
Transition Up were combined in the final output.

A subgroup of eight sample frames were loaded in the implementation of the two-
stage learning approach for small object detection, where ten categories of objects may
co-exist: terrain, car, truck, tractor, camping car, van, pickup, bus, boat, and plane. We
presented the initial results of Google Colab program outputs after tuning each parameter
in Figure 5, where we found that the highest accuracy achieved was 84.0%, and a better
alternative learning rate (less than 0.001) close to the numerical point of 0.0001 appeared by
the end of the second-stage learning.

The FC-DenseNet model [39] with 103 layers was applied to perform our updated
two-stage learning, where the related parameters were selected as follows: wd = 0.01, lr =
0.0001, valid_pct = 0.01, and pct_start = 0.3/0.7. Figure 6 shows the updated results and
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samples of predicted GT objects, where the highest accuracy was reached with 86.0% in
the Epoch 6 of second-stage learning, and the predicted labels of small objects match the
ground truth.
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Figure 6. Sample results on detection accuracy and GT/predicted objects of two-stage learning after
updating with FC-DenseNet 103 and applying an adjusted learning rate for online VEDAI.

Given the results obtained from the online VEDAI dataset as mentioned above, it is
computed that the average detection accuracy is 78.2% on initial second stage learning and
85.5% on the updated second stage learning, proving FC-DenseNet 103 a better model on
small object detection.

4.4.6. Final Tests to Evaluate the Two-Stage Learning Approach with Post-Processing for
Online VEDAI

Considering the low-resolution and wide area of online VEDAI dataset, we designed
our final tests to select the best of the seven post-processing schemes. The experimental
study was conducted in four scenarios. (i) Vote a scheme with highest score on accuracy
among the other four post-processing schemes (with fewer votes from the first set of
experiments). (ii) Take the vote from (i) as the fourth scheme along with the best three
schemes, apply each post-processing scheme after updated two-stage learning, and evaluate
the differences in the detection outputs, where accuracy and mAP are used as two metrics
for quantitative comparison. (iii) Conduct sensitivity analysis to evaluate a balance between
object detection accuracy, the complexity of algorithms, and time costs when applying
each of the four post-processing schemes and varying the number of convolutional layers
in FC-DenseNet. (iv) Combine the scores obtained from (i) to (iii) to determine the best
post-processing scheme for online VEDAI. Note that the size and resolution of sample
frames were adjusted upon applying any post-processing scheme.

Applying each of the four schemes (FiltDil (M1), HeurFilt (M2), 3Stage (M3), S&O
(M4)) to post-process the detection output after updated two-stage learning, the scores of
detection accuracy are shown in Table 7, where three different cases on ratio of training
to testing on the online VEDAI dataset were considered. While applying M4 resulted in
reducing accuracy, each of the other three schemes mildly increased their scores, and the
relatively best results appeared with our 3Stage scheme (M3) in condition of choosing
different portions of training to test.
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Table 7. Performance evaluation of accuracy metric on each of the four unvoted post-processing
schemes associated with initial detection after updated two-stage learning (FC-DenseNet 103).

Training:
Test

No
Post-Proc.

FiltDil
(M1) [22]

HeurFilt
(M2) [23]

3Stage
(M3) [13]

S&O
(M4) [25]

80%:20% 0.718 0.767 0.746 0.771 0.682
90%:10% 0.745 0.790 0.772 0.798 0.706
95%:5% 0.801 0.853 0.829 0.856 0.754

We adopted the metric of mean average precision (mAP) on ten sample frames from
online VEDAI to measure the post-processing results by FiltDil (M1) and 3Stage scheme
(M3), where the results from five different portions of training to test are displayed in
Table 8. We determined that the 3Stage scheme may perform better than filtered dilation
since it has the least contrast (79.54% to 75.33%) of mAP in the last column. Hence, we
may choose our 3Stage scheme (M3) as the fourth scheme in addition to the former voted
three schemes (M5, M6 and M7) to compare the outcomes of post-processing for online
VEDAI dataset.

Table 8. Mean average precision mAP (%) of ten sample frames when post-processed by FiltDil (M1)
vs. 3Stage scheme (M3) after applying updated two-stage learning (FC-DenseNet 103).

80%:20% 85%:15% 90%:10% 95%:5% 98%:2%

No
Post-Processing 63.90 ± 1.81 64.68 ± 1.65 67.14 ± 1.58 71.29 ± 1.43 74.18 ± 1.32

FiltDil (M1) [22] 65.96 ± 1.74 67.85 ± 1.92 68.73 ± 1.56 72.47 ± 1.69 75.33 ± 1.45
3Stage (M3) [13] 71.07 ± 1.25 72.98 ± 1.09 73.61 ± 1.28 77.89 ± 1.31 79.54 ± 1.16

Given the two metrics of accuracy and mAP to measure the improved performance
of four post-processing methods, i.e., the 3Stage scheme (M3), S&C (M5), the Enh3Stage
scheme (M6) and SpatialProc (M7) applied to the initial detection output after updated
two-stage learning, we present the quantitative scores on each of the post-processing
schemes in Table 9, where five different portions of training to test were applied in contrast
with those same cases without any post-processing. When our training set is no greater
than 90%, better scores were achieved by S&C (M5) than 3Stage (M3), while the opposite
behavior occurs in conditions of a very large proportion of training (95% and 98%); the best
improvement was achieved by Enh3Stage (M6), the least improvement was associated with
SpatialProc (M7) among the four post-processing schemes using Accuracy and mAP as
metrics. Hence, we conclude that among the seven post-processing schemes for the entire
online VEDAI dataset, our Enh3Stage scheme (M6) achieved the best results: typically,
when applying a training to test ratio of 98% to 2% for online VEDAI dataset, the highest
mAP and accuracy were 82.80% and 89.1%, respectively.

Table 9. Mean average precision and accuracy when post-processed by each of the four schemes (M3,
M5, M6 and M7) on the online VEDAI dataset.

mAP (%)

Training: Test No Post-Proc. 3Stage (M3) [13] S&C (M5) [4] Enh3Stage
(M6) [20]

SpatialProc
(M7) [14]

80%:20% 62.58 ± 1.73 69.84 ± 1.26 71.24 ± 1.68 75.32 ± 1.17 67.39 ± 1.52
85%:15% 64.29 ± 1.56 71.65 ± 1.12 73.08 ± 1.52 77.89 ± 1.06 69.23 ± 1.38
90%:10% 66.57 ± 1.48 72.98 ± 1.43 74.85 ± 1.36 79.24 ± 0.95 71.68 ± 1.25
95%:5% 70.92 ± 1.35 76.23 ± 0.97 75.86 ± 1.03 81.36 ± 0.88 74.36 ± 1.10
98%:2% 73.16 ± 1.29 78.45 ± 1.08 77.63 ± 0.94 82.80 ± 1.04 75.57 ± 0.99

Accuracy

Training:Test No Post-Proc. 3Stage (M3) [13] S&C (M5) [4] Enh3Stage
(M6) [20]

SpatialProc
(M7) [14]

80%:20% 0.718 0.771 0.780 0.823 0.742
85%:15% 0.729 0.783 0.791 0.844 0.756
90%:10% 0.745 0.798 0.817 0.865 0.773
95%:5% 0.801 0.856 0.835 0.882 0.808
98%:2% 0.846 0.874 0.858 0.891 0.835
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4.4.7. Computational Efficiency

Computational efficiency of each algorithm combined with its best post-processing
scheme was evaluated for the involved dataset(s). Experiments were conducted in the
software platform of MATLAB R2019b on a Dell laptop with Intel Core i7-8500U 1.80 GHz
CPU and 16 GB RAM. The average CPU execution times in seconds per frame with size
720 × 480 for eleven algorithms are reported in Table 10, indicating that among the eleven
detection algorithms using their related aerial video dataset(s) for the experimental study,
after combining the best post-processing scheme, FDE runs the fastest, FC-DenseNet is at
the median position, and TE is the slowest in this experiment.

Table 10. Average CPU execution time (s) per frame for each of the eleven algorithms combined with
the finally voted Enh3Stage post-processing scheme.

Alg. LC [27] VMO [28] FT [29] MSSS [30] KFCM-CV [31] FDE [34] PAE [35] MF [25] TE [32] FICA [33] FC-DenseNet [39]

Run Time 2.06 8.36 2.18 5.24 10.97 1.28 3.15 1.63 30.22 10.46 4.43

5. Discussion

We have presented a method for selecting post-processing schemes for the eleven
automatic vehicle detection algorithms in low-resolution wide-area aerial imagery. In
addition to the four existing post-processing schemes [22–25] and the S&C scheme which
comprises pixel-area sieving and morphological closing [4], three more post-processing
schemes we recently derived were included [13,14,20]. The 3Stage scheme [13] displays
a better average F-score than filtering by shape index [24] for LC [27], VMO [28], FT [29],
MSSS [30], KFCM-CV [31], and TE [32]. Our tests applied to two aerial datasets, i.e., Tucson
and Phoenix, which take the average F-score as a metric for comparison on all frames of all
combinations of ten algorithms with each of the seven post-processing schemes. Voting
from highest average F-scores by row comparison, the best three post-processing schemes
were respectively associated with each detection algorithm. The highest number of votes
was established for Enh3Stage scheme (M6) [20], while the second highest votes was tied
for S&C (M5) [4] and SpatialProc (M7). We conclude that after post-processing, in the
Tucson dataset, FDE and LC rank the best two in precision, F-score and PWC; FT and MSSS
rank the best two in recall. For the Phoenix dataset, FDE and VMO rank the best two in
precision, F-score and PWC; VMO and MSSS rank the best two in recall. The metrics of
MODA and MOC show coincidence with ranks of each automatic algorithm on PWC score
improvements. The count of votes suggests possible outcome of improving the accuracy of
small object detection in low-resolution aerial image datasets.

The hundred-layer vehicle tiramisu code [39] on semantic image segmentation was
adapted as an eleventh algorithm on small object detection to design the third set of
experiments in our research study. The two-stage machine learning approach [39] and
its updated two-stage learning applying FC-DenseNet103 model with tuned parameters,
were used to achieve the highest overall initial detection accuracy, where the best average
accuracy was 85.5%. Two sets of experiments were designed to search for the best post-
processing scheme between the two groups: applying mean average precision (mAP) and
accuracy as two metrics for performance evaluation, we checked the other four schemes
to determine the best one, and let this scheme join the group with the best three schemes
voted from our first set of experiments. At the final stage, we conclude that the Enh3Stage
scheme (M6), has the highest overall mAP and accuracy among the four post-processing
schemes (M3, M5, M6 and M7) when different proportions of training and test images
were chosen from online VEDAI dataset. Since the best outcome from Enh3Stage was just
slightly lower than 85.0% on mAP and very close to 0.9 on accuracy, there are still some
opportunities for future improvement.

There are several limitations of our research study. (i) Many feature-extraction-based
algorithms on aerial vehicle detection are geometric measure-based or grayscale intensity-
based methods, which lack temporal analysis. (ii) For fair comparison, all seven post-
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processing schemes provide heuristic improvement for each of the grayscale aerial frames,
where false positives may be further eliminated using temporal filtering in aerial video
datasets. (iii) Since there was no training data for the two aerial video datasets, our study
did not assess machine learning schemes on those datasets. (iv) Apply some newer metrics,
i.e., the structure similarity index measure (SSIM) [60] for performance evaluation. (v) To
demonstrate the robustness of the algorithms, many large datasets are needed for testing.
All these topics may represent potential research directions for subsequent investigation.

Most recently, quite a few deep-learning approaches have been widely applied to
object detection and segmentation in traffic video analysis as well as wide-area remote
surveillance [57,61–75]. Detecting aerial vehicles using a deep learning scheme typically
includes pretraining, sample frame labeling, feature extraction in a deep convolutional
neural network (DCNN), and then implementation of an algorithm for object detection
and segmentation to obtain the labeled outputs. While some multi-task learning-based
methods have demonstrated time efficiency and object detection accuracy [43–45], further
updates are still needed to deal with the increased complexity, time cost, and requirement
of multi-core GPU support.

6. Conclusions

Our work addresses the accurate detection of small objects for vehicle detection using
low-resolution wide-area datasets. We designed three sets of experiments for selecting
post-processing schemes to improve the performance of object detection algorithms, In
the first set of experiments, we voted the best three post-processing schemes combined
with ten detection algorithms. In the second set of experiments, we determined the best
post-processing scheme for each of the ten algorithms, based on the type of detections
and two sets of performance metrics. In the third set of experiments, we applied these
post-processing schemes to a two-stage machine learning approach and its variation model
adding kernel of FC-DenseNet, and then measured the degree of improvement for online
VEDAI. We quantified the object detection performance using basic IR metrics and CLEAR
metrics. Based on average F-score, accuracy and mAP, we determined that the Enh3Stage
scheme may represent the best scheme in our post-processing selection for improving
vehicle detection accuracy in wide-area aerial imagery.

As future work, we propose to implement and improve some recently developed auto-
matic detection schemes [7–13,20,55–57,62–70,75] for vehicle detection in wide-area aerial
imagery. With reference to some other visual models on feature-based front-vehicle detec-
tion [75] and some information security-related classification schemes such as real-time
threat detection [76], quasi-cliques analysis [77], and anomaly behavior analysis [78,79];
we also intend to develop a 3D motion filter with reference to some latest deep-learning
approaches [58,60–62,64–67,71,80–85] for the accurate detection of small objects includ-
ing aerial vehicle detection [47,86–95], tiny target visualization and recognition [1,7–9,14,
20,33,38,52,55,56,61–63,67–69,75,96–99] for the remotely monitored aerial video surveil-
lance. Besides, we propose to exploit common features, i.e., geometry, orientation, and
grayscale intensity. In addition, we need to improve the spatio-temporal processing
scheme [14,20,81] by considering other hybrid approaches in the computer vision field,
i.e., multi-scale structure information [6], multiple instance learning [100], and sparse rep-
resentations [71,101–103]. While employing any subset of methods from unsupervised,
semi-supervised, and multi-task feature learning strategies [64,69,75,96,104–108] on ob-
ject detection, classification, and recognition, broader practical applications in the remote
sensing domain may benefit from our research study.
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